LIS

ir ey

Ll

ELECTRONIC MEASUREMENT TECHNOLOGY

B o R AT H 134

2024 7 H

DOI:10. 19651/j. cnki. emt. 2416020

B F E RS EH RN R E B RR %

HE A Kok

GZIHRBEIFREAAZLEIEZFRE FMN 213001)

W OE: MEERSESSEBEMG BARREE A D], WS T30 )™ 8 A8 00, 52 0 B AR U 28 0 A 0P Re . BT X RL B R
BT — A2 N R R E SR AL FEM, 315 YOLOv8s F A7 K6 I 00 28 156 4, 44 28 17 3k 80 3 A4 06 I8 32 1 A A D00
#3k FE-YOLO. ® % . H FEM M A BR 8 d = AR 6] RBE T 4R AF (5 B oF AT s sk ml &, 19 8 LB = 5 48
IERIX MG IR EME . SRJ5 1 YOLOv8s S M £t s il H AR FRAE 3G S8 AL TFE , 38 i 41 1) =5 J2 45 AE v 9 3 55 e 7 (5
B BARRHE R AR Ty . SO0 AR W] A IR IR BT [RGB ARG I 4 4 ExDark [ (9 - Y98 B ¥ {E (mAP) 35 3
T 75.63% . 5JFEIEEY YOLOvVSs ik M 3875 T 3. 0396, A SCHF vk 76 (% W8 B B AR A AT 55 f BUAS 1 O 4 9 4G
e

SRR HARKG I ;B EE IR s YOLOVS 4% 5 FRIR H 58  45 48 il &

FESZS: TP391. 4;TN6O XHkARIRED . A EXRirEZER LK 510.40

Low-light object detection algorithm based on image feature enhancement

Huang Yulong Zhang Xiaoling

(College of Electrical and Information Engineering,Jiangsu University of Technology,Changzhou 213001, China)

Abstract: Low illumination environments can lead to situations such as inconspicuous image target features and severe
noise interference, which affect the detection performance of the object detector. To address the above problems, a
multi-scale image feature enhancement module FEM is constructed, and in conjunction with YOLOvS8s object detection
network, an end-to-end low-light image object detection method FE-YOLO is constructed. Firstly, FEM is employed to
extract feature information from the input image at three different scales and efficiently fuse them to obtain an enhanced
image with rich feature representation. Then, in the neck network of YOLOvSs, a target feature enhancement module
TFE is incorporated. TFE works by suppressing background noise information in higher-level features. thereby
accentuating the representation capacity of target features. The experimental results show that the mean average
precision mean (mAP) on the low-light image object detection dataset ExDark reaches 75.63% , which is 3.03%
higher than the original YOLOvS8s algorithm, and this paper’s algorithm achieves a better detection result in the low-
light object detection task.
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The overall framework of the algorithm in this paper
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A SCAH B R 32 038 E bR R S X R
B BE R M H bR KW 7 %5 MAET. Zero-DCE™" +
YOLOvS8s, Dark-YOLO™ LA & 3 T YOLOvSn ¥t #F (1)
DarkYOLOv8" ™ i 47%F L 3288 . I 7 ExDark 54 4 L it
1%t e,

MAET S 58 1t B W 27 33 07 2k X AR 09 56 RS 4
A T W e AR SR A7 0, 44 1 8 O IR R A B A1 TR R
5. SRJGHEE O IR MG 5 G AR R AR A AR T Y
AT S, SR W U R CR . X T IR B TR B Y 42
T A8 2 EAR AR e A e 5 1 4, S BB B R R R
Jil. Zero-DCE+YOLOv8s H % i i1 Zero-DEC M % X ik
TR PRI 5 1) 2 B i 2 AT TN, 1 0R AR 52 5 . X R O vk
AT AZRAF LB 85 R 1 ) IE 86 R E % B E AR AR I 25 T
TR BUR AR W 22 . Dark-YOLO 6 B 75 4 ) ) 2%
F14) S50 487 FH 2 T 45 PR 4 i JRR 32 BT, S A () R R AE 1
SRELA IR B AR AE R IR A B Y, DarkYOLOVS i it %
ot T IO 206 3 5 B 1% )RR AR B BRLRE T, D K AR SR R T 3
SHHER A B YR 2 ROERE A& A T —&
BIRIOCR AR JE WA 5 08 s MR X RIS B T4, ML
F R Uy A SO AT B 5 AR A I 28 T T 2 AR AE (R R
FE98 /W X E AR FRAE X3 T 0, AR AR T B A A
BE. AXEES LR ERAF G RME iR,

x1 EEXE
Table 1 Comparison experiment

ik ZHE/M HHHEE mAP/%
YOLOvSs 11.14 25.87  72.60
Faster-RCNN' 136.91  369.98  67.13
FCOS™" 32.14  176.00  68.40
YOLOv3H 61.97 67.84  73.19
YOLOv5s™" 7.02 16.00  67.10
YOLOv10s™ 8.07 24.80  71.50
MAETH 65.32  215.91  74.00
Zero-DCE”Y +YOLOv8s  11.15 33.32  71.91
Dark-YOLO™" — — 74.76
DarkYOLOv8™ — 8.53 70. 10
AL+ YOLOvSn 3.05 11.12  71.88
AL 11.18 29.59  75.63

P 25 P BCHE T A A SO B 7 TR AR DR R AR 1 S 80
SFE R ETER T A RS B AR 45 e K o 5 BT X AR IR
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FRBE A B AR K I J5 % MAET, Zero-DCE+ YOLOvSs
5 Dark-YOLO #H b, A SCH A B /N B 'R T,
mAP 4y B 40 6 T 1.63%. 3.72%. 0.87%. 1 F
DarkYOLOvVS 53 275 YOLOvS8n By JLRl b ok 3 ik,
PRUERT 55 5 094 R0 S K A S0 B2 R Y e il Oy 32k 1 FH AR
YOLOv8n W24, Ky il oK B2 AH b F DarkYOLOv8 #2 5
T 1.78%. 5 F B A B F KW J7 % FasterrRCNN,
FCOS™ | YOLOv3,YOLOv5s™"7 . YOLOv10s™"7 L) Kz 7 3
MY SRR Y OLOV8s AH Fb » 7 SC 3R 16 A% 0 A 1 B AT 43
St . XUEHE RN AR SR T R TE R E R T
1 B AR R AT 55 b, B A 0 AR L BIE T A SCRIE
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